When there are no compelling biologic or early trial data for a candidate predictive biomarker with regard to its ability to predict the effect of an anticancer treatment at the initiation of definitive phase III trials, it is generally reasonable to include all patients as eligible for randomization but to plan for a prospective subgroup analysis based on the biomarker. We assessed such statistical analysis plans, fixed-sequence, fallback, and treatment-by-biomarker interaction approaches, in terms of the probability of asserting treatment efficacy for either the overall patient population or a biomarker-positive subpopulation of patients. If there was some evidence that the treatment would work better in the biomarker-positive subgroup than the biomarker-negative subgroup, then the fixed-sequence approaches would be favored, whereas if evidence was weak that there would be much difference in responsiveness between the two subgroups, then the fallback approach would be favored. If there was substantial uncertainty in the difference in treatment effects between the two subgroups, the treatment-by-biomarker interaction approach could be a reasonable choice as this approach generally provided a high probability of asserting treatment efficacy for the right patient population under homogeneous treatment effects and a qualitative interaction over biomarker-based subgroups. Clin Cancer Res; 20(11); 2820-30. Ó2014 AACR.
Introduction
Advances in genomics and biotechnology have revealed substantial molecular heterogeneity among human cancers with the same histologic diagnosis. As this heterogeneity has rendered many cancer treatments beneficial only for a subset of patients with cancer, there is a growing need for the development of biomarkers to predict the responsiveness of new treatments under development (1) (2) (3) . Eventually, the medical utility of each treatment must be established with the aid of the developed predictive biomarker in a prospective, phase III randomized clinical trial.
When a reliable predictive biomarker is available at the initiation of a phase III trial, an enrichment or targeted design that randomizes only a subset of patients predicted by the biomarker to benefit from the treatment can be an efficient trial design (4) . However, it is more common that at the initiation of phase III trials, there are no compelling biologic or early trial data for a candidate predictive biomarker regarding its capability to predict treatment effects or there is uncertainty about a cutoff point of an analytically validated predictive assay. In such situations, it is generally reasonable to include all patients as eligible for randomization, as done in traditional clinical trials, but to plan for prospective subset analysis based on the predictive biomarker with a control of the study-wise type I error rate at the level a, for example, a ¼ 2.5% at a one-sided level, under the global null hypothesis of no treatment effects for any patients (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) . For such statistical analysis plans that allow this, we can identify three approaches: fixed-sequence, fallback, and treatment-by-biomarker interaction approaches (see Fig. 1 ).
The fixed-sequence approaches first test treatment efficacy for a biomarker-based subset of patients using significance level a. If this is significant, treatment efficacy for a subset of the rest patients (fixed-sequence-1; ref. 7) or for the overall population (fixed-sequence-2; ref. 10 ) is tested using the same significance level a. As an example of the fixedsequence-1 approach, in a randomized phase III trial of panitumumab with infusional 5-fluorouracil, leucovorin, and oxaliplatin (FOLFOX) versus FOLFOX alone, the treatment arms were first compared on the basis of progressionfree survival (PFS) for patients with wild-type KRAS tumors (15) . Treatment comparisons in patients with mutant KRAS tumors were conditional on a significant difference in the first test for the wild-type KRAS stratum. An example of the fixed-sequence-2 approach is a phase III trial testing cetuximab in addition to FOLFOX as adjuvant therapy in stage III colon cancer (N0147). In the analysis plan, the efficacy of the regimen on disease-free survival is first tested in the patients with wild-type KRAS using a log-rank test at a significance level of 2.5% (one-sided), followed by an overall test at a significance level of 2.5% (one-sided) if the first subset analysis is statistically significant (10) . The fallback approaches test treatment efficacy in the overall population, followed by a test of treatment efficacy in a biomarker-based subset if the first test is not significant (8) . Reduced significance levels are used for these tests to preserve the study-wise error rate a. Parallel testing for the overall population and a biomarker-based subset can also be considered. For example, in the SATURN trial (16) to assess the use of erlotinib as maintenance therapy in patients with nonprogressive disease following first-line platinum-doublet chemotherapy, PFS after randomization was tested in all patients at a significance level of 1.5% (onesided) and in the patients whose tumors had EGFR protein overexpression at a significance level of 1% (one-sided). The parallel assessment will have the same statistical properties with the fallback assessment when the result of the overall test is prioritized.
The treatment-by-biomarker interaction approaches involve deciding whether to compare treatments overall or within the biomarker-based subsets based on a preliminary test of interaction of treatment and biomarker (6, 7) . For example, in the MARVEL trial (17) to compare erlotinib and pemetrexed as second-line treatment for non-small cell lung cancer, the analysis was planned to be conducted separately in EGFR-positive and -negative patients, with the use of an interaction test on the difference in treatment effects between the two subsets of patients.
The important feature of the aforementioned approaches is that they can demonstrate treatment efficacy for either the overall patient population or a biomarker-based subset of patients adaptively based on the observed clinical trial data. When focusing on this feature, it is critical to evaluate the probability of asserting treatment efficacy for the right patient population (i.e., either the overall population or the biomarker-based subset). However, to our best knowledge, there is no such evaluation in the literature.
In this article, we provide a benchmark when comparing the three approaches of statistical analysis plans in terms of their ability to assert treatment efficacy for the right patient population. With a discussion on the criteria for clinical validation of predictive biomarkers, we aim to provide some general conclusions about which approach to use.
Materials and Methods
We consider a phase III randomized trial to compare a new treatment and its control on the basis of survival outcomes. We suppose that at the time the trial is initiated, a candidate predictive biomarker is available. In many cases, biomarker values are dichotomous or cutoff points are used to classify the biomarker results as either "positive" or "negative," denoted by B þ and B À , respectively. Typically, B þ represents the subset of patients that is expected to be responsive to the treatment, whereas B À represents the remainder. Let p þ denote the prevalence of B þ in the patient population. Randomization can be either stratified or unstratified on the basis of the predictive biomarker. We suppose a stratified trial because it ensures observation of the biomarker status for all randomly assigned patients. We evaluated the three approaches of statistical analysis plans: fixed-sequence, fallback, and treatment-by-biomarker interaction approaches. Each approach can demonstrate treatment efficacy for either the overall patient population or the B þ subset of patients with a control of the study-wise type I error rate a (Fig. 1 ). In the following presentations, all a levels are one-sided.
Fixed-sequence approaches
If evidence from biologic or early trial data suggests the predictive ability of the biomarker, it is reasonable to consider first testing treatment efficacy for the B As a more complex variation, Freidlin and colleagues (13, 14) recently proposed an analysis plan called the marker sequential test (MaST) that performs a fixed-sequence-1 approach using a reduced significance level, such as 0.022, followed by a test of treatment efficacy for the overall population using a significance level of 0.003 (¼ 0.025 À 0.022) if the first test for the B þ patients is not significant. The second test is intended to improve the power for detecting homogenous treatment effects between biomarker-based subsets. They recommend setting the significance level for the first test for the B þ patients as 0.022 and 0.04 for the study-wise type I error rate of a ¼ 0.025 and 0.05, respectively, to control the probability that erroneously asserting treatment efficacy for the B À patients at the level a under the hypothesis that the treatment is effective for the B þ patients, but not for the B À patients, in addition to controlling the study-wise type error rate at the level a under the global null hypothesis of no treatment effects for both B þ and B À patients.
Fallback approach
When there is limited confidence in the predictive biomarker, it is generally reasonable to assess treatment efficacy for the overall patient population and prepare the subset analysis as a fallback option. Specifically, we first compare the treatment and control overall at a reduced significance level a 1 (<a). If this test is not significant, we test treatment efficacy for the B þ patients at a reduced significance level a 2 (<a; ref. 8) . The significance level a 2 can be specified by taking into account the correlation between the first overall test and the second test in the B þ patients (9, 18, 19) , where the correlation depends on p þ (see also Appendix). As noted previously, a parallel implementation of the first and second tests will provide study outcomes that are identical to the outcomes of the fallback analysis. When the first test is significant, one may assert treatment efficacy in the overall population. Meanwhile, when only the second test is significant (following a negative result of the first test), one may assert treatment efficacy only in future B þ patients.
Treatment-by-biomarker interaction approaches
Like the fallback approach, the treatment-by-biomarker interaction approaches are used when there is limited confidence in the predictive biomarker. This approach involves a preliminary test of interaction of treatment and biomarker to assess whether there is no difference in treatment effects (in terms of the HR between treatment arms) between the B þ and B À patients (6, 7) . To control for the study-wise type I error rate, we propose the following approach: A preliminary one-sided test of interaction is performed as the first stage using a significance level of a INT to detect larger treatment effects in the B þ subset (7) . If this test is not significant, the treatment is compared with the control in all patients using a reduce significance level a 3 (<a). Otherwise, the treatment is compared with the control in the B þ patients using a significance level of a 4 (<a). Here the significance levels, a INT , a 3 , and a 4 , are chosen to control the study-wise type I error rate in testing no treatment effects for the overall population and B þ patients at the level, a, based on the asymptotic distribution of the test statistics (see Appendix). Here the significance levels depend on the ratio R ¼ E À /E þ , where E þ and E À are numbers of events in the B þ and B À patients, respectively. When the interaction is significant and the test for the B þ patients is significant, one may assert treatment efficacy only for the B þ patients. When the interaction is not significant and the overall test is significant, one may assert treatment efficacy for the overall population.
Criterion in comparing the approaches: probability of asserting treatment efficacy The approaches of statistical analysis plans can make either of two kinds of assertions regarding treatment efficacy, one for the overall population and the other for the B þ subset of patients. Which of the two assertions is considered to be valid may depend on the underlying treatment effects in the biomarker-based subsets. costs, prognosis of the disease, availability of other treatment choices, and so on. In such situations, the probability of asserting treatment efficacy for either the overall population or the subset of B þ patients could be another meaningful criterion. From the point of view of treatment developers (e.g., pharmaceutical companies), this probability would always be important because it can be interpreted as the probability of success in treatment development. Let P overall , P subset , and P success denote the probability of asserting treatment efficacy for the overall population and for the subset of B þ patients, and that of success, respectively. Apparently, P overall þ P subset ¼ P success for the approaches of statistical analysis plans considered here. As such, there is a trade-off between the two probabilities P overall and P subset for a given value of P success .
Results
We compared the approaches of statistical analysis plans in terms of P overall , P subset , and P success , under several scenarios. We assessed these probabilities based on asymptotic distributions of the stratified log-rank statistics for the overall population, simple log-rank statistics for the biomarker-based subsets, and the interaction test statistic (see Appendix) for various total numbers of events,
under both null and non-null treatment effects. This is reasonable for many cases, for example, when the number of events is slightly less than the number of patients under adequate follow-up for advanced diseases or when the event rates are comparable across the biomarker-based subsets. The asymptotic distributions are adequate approximations for a wide range of the underlying survival time distributions. Adequacy of using the approximations for limited sample sizes was checked via simulations with exponential survival times.
We considered the prevalence of B þ in the patient population to be p þ ¼ 0.1, 0.3, or 0.5. As to the underlying treatment effects within biomarker-based subsets, we considered the following scenarios: (HR þ , HR À ) ¼ (1.0, 1.0), (0.7, 0.7), (0.5, 1.0), or (0.5, 0.8), that is, null effects, constant effects, qualitative interaction, and quantitative interaction as described in the previous section. The studywise type I error rate was specified as a ¼ 0.025. In the MaST approach, we used significance levels of 0.022 and 0.003 for the B þ subset and the overall population, respectively, according to the recommendation by Freidlin and colleagues (14) . The significance level for the one-sided interaction test, a INT , in the treatment-by-biomarker interaction approach was specified as 0.1, a small level such that the interaction test could serve as evidence in clinical validation of the predictive biomarker. For the significance levels in the fallback approach, a 1 and a 2 , and the treatment-by-biomarker interaction approaches, a 3 , and a 4 , we specified them so that P overall and P subset (¼ a À P overall ) under the global null hypothesis are identical for these approaches for a fair comparison. We considered setting an intermediate or balanced level P overall ¼ 0.015 (P subset ¼ 0.01) under the global null. See Table 1 for resultant significance levels. We also considered more unbalanced levels P overall ¼ 0.005 or 0.02 (P subset ¼ 0.02 or 0.005) under the global null, but similar conclusions were obtained (see Supplementary  Figs . S1-S3). We also evaluated the traditional approach without use of a biomarker as a reference, for which P overall ¼ P success and P subset ¼ 0, because there is no option for asserting treatment efficacy for the B þ subset.
Note that P success for the fixed-sequence-1 and -2 approaches are always identical to the probability that the test for the B þ subset (the first test in the fixedsequence approaches) is statistically significant. We first checked the control of type I error rates. Under the global null (HR þ , HR À ) ¼ (1.0, 1.0), the probabilities P overall , P subset , and P success calculated on the basis of the asymptotic distributions were constant for any values of E. Here, P success under the global null corresponds to the study-wise type I error rate. Table 2 provides these values as well as those obtained by simulations with exponential survival times. Agreement of these two indicates adequacy of using the asymptotic approximations under the global null.
With regard to the results under non-null treatment effects, Figs. 2-4 show P overall , P subset , and P success calculated on the basis of the asymptotic distributions for various values of E under constant effects, qualitative interaction, and quantitative interaction, respectively. For the scenarios with constant treatment effects, (HR þ , HR À ) ¼ (0.7, 0.7), where P overall would be a relevant criterion, the traditional approach provided the greatest values of P overall , as was expected (Fig. 2) . The fallback and treatment-by-biomarker interaction approaches provided slightly reduced values of P overall than those of the traditional approach. On the other hand, the fixed-sequence-1 and -2 provided much smaller values of P overall . The MaST approach also provided smaller values of P overall but showed some improvement over the fixed-sequence-1 approach. Similar trends were observed for P success .
For the scenarios with a qualitative interaction, (HR þ , HR À ) ¼ (0.5, 1.0), where P subset would be relevant, the fixed-sequence-1 and MaST approaches performed best, followed by the treatment-by-biomarker interaction approach with some reduction in P subset (Fig. 3) . The fixed-sequence-2 and fallback approaches provided much smaller values of P subset , especially when p þ ! 0.3.
Besides, as E became large, P subset of these approaches could decrease (with an increment of P overall ). The fixed-sequence-1, MaST, and treatment-by-biomarker interaction approaches suppressed the increment of P overall , the probability of over-assertion (overtreatment) in this scenario. With respect to P success , the fallback and the treatment-by-interaction approach provided slightly reduced values of P success , compared with the fixedsequence-1, -2, and MaST approaches. The traditional approach provided much smaller P success values because of P subset ¼ 0. Finally, for the scenarios with a quantitative interaction, (HR þ , HR À ) ¼ (0.5, 0.8), the characteristics of the respective approaches became clearer (Fig. 4) . The fallback and fixedsequence-2 approaches tended to provide larger P overall , like the traditional approach, whereas the fixed-sequence-1, MaST, and treatment-by-biomarker interaction approaches tended to provide larger P subset values. For the fallback, fixed-sequence-1, -2, and MaST approaches, P subset can decrease (with an increment in P overall ) as E increases. On the contrary, for the treatment-by-biomarker interaction approach, P overall can decrease (with an increment in P subset ) as E increases. With respect to P success , all approaches, except the fixed-sequence-2 for p þ ¼ 0.1, provided comparable P success values and could perform slightly better than the traditional approach.
Discussion
We have evaluated the three approaches of statistical analysis plans in randomize-all phase III trials with a predictive biomarker in terms of their ability to assert treatment efficacy for the right population. The numerical evaluations indicated that these approaches have their advantages and disadvantages depending on the underlying profile of treatment effects across biomarker-based subsets of patients.
Generally, the fixed-sequence-1 approach would be suitable for cases where there are large treatment effects in the B þ patients (Figs. 3 and 4) but could suffer from a serious lack of power for nearly constant treatment effects with relatively moderate effect sizes in the overall population (Fig. 2) . Interestingly, the fixed-sequence-2 approach has quite different properties. This approach had similar characteristics with those of the fallback approach under qualitative and quantitative interactions but suffered from a serious lack of power under constant treatment effects, like the fixed-sequence-1 approach (Fig. 2) . As is expected, the MaST approach showed some improvement in P overall over the fixed-sequence-1 approach under constant treatment effects while providing comparable P subset values under the qualitative interaction. The performance under homogeneous treatment effects further improved by considering smaller significance levels in testing for the B þ patients than 0.022 (with larger significance levels for the overall test; data not shown), which was specified to control for a type I error under the hypothesis that the treatment is effective for the þ patients but not for the B À patients. The need of a strict control of this type of error rate, in addition to the strict control of type I error rate under the global null, could be arguable, especially when there is limited confidence in the predictive biomarker to assume that the treatment will not be effective in the B À patients unless it is effective in the B þ patients.
The fallback approach would be suitable for cases with homogenous treatment effects in the overall population (Fig. 2) but could suffer from a serious lack of power for qualitative interactions between treatment and biomarker (Fig. 3) . In other words, the chance of asserting treatment effects for the B þ patients (or the effect of introducing the fallback test) could be at most moderate. One major concern for the fallback approach (and the fixed-sequence-2 approach) is that under qualitative interactions, the chance of asserting treatment effects for the overall population can be very large when p þ ! 0.3 ( Fig. 3) . This suggests the importance of a subset analysis based on the biomarker to evaluate the treatment effects in the B À and B þ subsets even when the primary analysis ended with a significant result of the overall test. This is to protect against the over-assertion (overtreatment). When incorporating possible assertions only for the B þ patients based on an additional subset analysis for the B À patients, higher P subset (and smaller P overall ) values are expected for the fallback (and fixedsequence-2) approaches. As the fallback approach provided a high chance of asserting treatment efficacy for the overall population under quantitative interactions (Fig. 4) , it can work well when the treatment with moderate or even small effects is acceptable for the B À patients, as is the case where there are no effective treatments for such patients. The treatment-by-biomarker interaction approach had an intermediate property between the fallback and fixedsequence-1 approaches. This approach performed similarly to the fallback approach under homogenous treatment effects (Fig. 2) and also performed well with the fixedsequence-1 approach under a qualitative interaction (Fig.  3) . In addition, it generally provided high P success values under all the scenarios. The good performance of this approach can be explained by the effectiveness of the preliminary interaction test in selecting the appropriate population for testing treatment efficacy based on the observed data. Like the fixed-sequence-1 approach (and MaST approach), the treatment-by-biomarker interaction approach can be effective to detect large treatment effects in the B þ patients as seen in Figs. 3 and 4 . This is because a larger interaction can be interpreted as a larger treatment effect in the B þ subset and vice versa. In contrast with the fallback approach, the treatment-by-biomarker interaction approach can work well when the treatment with moderate effects is clinically unimportant for the B À patients, for example, as is the case where established standard treatments are already available for such patients. In practical application, it is important to note that the treatment-bybiomarker interaction approach can perform well even when there is limited confidence in the predictive biomarker, unlike the fixed-sequence-1 approach.
The treatment-by-biomarker interaction approach has been discussed in the literature as a design for clinical validation of the predictive biomarker itself, although it can suffer from a serious lack of power in detecting an interaction (6, 7, 10) . When positioning this type of analysis as one for assessing the medical utility of a new treatment with the aid of a biomarker, as is the case for the proposed treatment-by-biomarker interaction approach with a strict control of the study-wise type I error rate, it can become efficient as indicated by our numerical evaluations (see Results). One practical issue is that choice of the significance levels depends on an unknown value of the event ratio R under the global null hypothesis. Optimality of chosen significance levels under non-null treatment effects is another issue. These issues are a subject of future studies.
Another important indication from our numerical assessment is that the traditional approach has two critical limitations when there is a moderate to large treatment-by-biomarker interaction, as is the case for many targeted treatments. One is a serious lack of power in terms of P success because P subset ¼ 0 (Fig. 3) . The other is its inability in discerning whether a significance result in the overall test is brought by large treatment effects only in the B þ patients (Figs. 3 and 4) because of no incorporation of any biomarker in this approach. Hence, when a candidate biomarker is available for targeted treatments, it is generally advisable to plan for randomize-all phase III trials using biomarker-based analysis plans, such as the treatment-bybiomarker interaction, fixed-sequence-1, MaST, and fallback approaches, taking account of the aforementioned properties of the respective approaches. We should note that the prevalence of B þ , p þ , which pertains to the study patients enrolled in the trial, is not necessarily that of the general population in clinical practice. For example, when sample size calculation is performed for testing treatment efficacy for the overall patients and the B are sized separately on the basis of these thresholds as reference levels of effect size. In this case, a plan for interim futility analysis would be warranted for the B À patients because enrolling a large number of these patients who are unlikely to benefit from the treatment can yield ethical concerns (7). Another possible criterion for clinical validation is to demonstrate treatment efficacy with the aid of the biomarker when an overall test of treatment efficacy without use of the biomarker is not significant. The fallback approach seems to use this criterion. However, this is a rather indirect or informal criterion compared with the aforementioned criteria, so one may argue the need for additional clinical validation based on the other criteria described above, outside the formal fallback analysis plan.
In conclusion, this article intends to provide a benchmark in comparing various statistical analysis plans in randomize-all phase III trials in the codevelopment of a treatment and a companion biomarker to aid in determining adequate phase III trial planning for use toward personalized medicine. As a general guidance on the choice of statistical analysis plan, if there was some evidence that the treatment would work better in the biomarker-positive subset than the biomarker-negative subset, then the fixed-sequence approaches would be favored, whereas if evidence was weak that there would be much difference in responsiveness between the two subsets, then the fallback approach would be favored. If there was substantial uncertainty in the difference in treatment effects between the two subsets, the treatment-by-biomarker interaction approach could be a reasonable choice.
